The influence of biotic interactions on microbial community assembly is intensely debated. We hypothesized that keystone taxa, which influence community assembly through strong biotic interactions, are important for regulating microbial community composition. While highly connected microbes have been identified, evidence that these taxa act as keystones is lacking, because keystone status requires influence on wholecommunity dynamics. We address this gap, showing that small subsets of highly connected keystone taxa (generally 1%-5% of richness) can be optimal predictors of whole-community compositional change. In three long-term data sets, greater connectivity due to the presence of keystone taxa corresponded to lower compositional turnover. We further hypothesized that the influence of keystone taxa would be diminished when environmental disturbance was a strong driver of compositional change. We used two case studies of reference and disturbed communities to investigate how biotic and abiotic forces interact to shape community composition. Most of the same taxa were present in both the reference and disturbed communities, but keystone taxa had much greater explanatory power in the reference communities. Our results suggest that greater biotic connectivity arising from the presence of keystone taxa is stabilizing to community composition, and that keystone taxa can be good indicators of pending community shifts.
Introduction
There is ongoing debate about which ecological principles are most influential in shaping microbial communities (Zhou and Ning, 2017) . However, many theories about biotic interactions are difficult to apply to microbes because of the diversity of microbial communities; the thousands of microbial taxa mean there are millions of possible pairwise interactions. Instead of identifying significant pairwise interactions, another possible approach to studying biotic forces in these communities is identifying keystone microbes, whose interactions cascade through the community (Berry and Widder, 2014) . Here, the definition of a 'keystone' that we employ is a taxon having disproportionate influence on community structure, where the influence is due to strong biotic interactions rather than high abundance (Paine, 1995) . Multiple recent studies have identified small numbers of bacterial taxa with many strong correlations to other taxa (Trosvik and de Muinck, 2015; Agler et al., 2016) . However, evidence that these strongly correlated taxa act as keystones is lacking, because there has been little analysis of the influence of these taxa on community dynamics. We address this gap, demonstrating that small subsets of highly connected keystone microbes can be optimal predictors of overall community change.
A keystone taxon constrains community composition through its effects on other taxa (Paine, 1969) . Thus, removing a keystone taxon should lead to rapid shifts in community composition (Mills et al., 1993) . Despite the substantial theoretical literature on how the strength of biotic interactions affects compositional change (MacArthur, 1955; May, 1972; Pimm, 1979; Neutel et al., 2007) , comparatively few studies have investigated this question empirically (Jacquet et al., 2016) . This is partly due to the logistical challenges of addressing this question in real systems, including the difficulty of quantifying species interactions (Laska and Wootton, 1998) , the need to observe many taxa to satisfy model assumptions (Allesina and Tang, 2012) , the difficulty of sampling communities completely (Polis, 1991) and the need to collect data spanning many generations of the study organisms (Morin and Lawler, 1995) . Thus, it is difficult to find empirical communities where it is possible to rigorously test theoretical predictions about the influence of keystone taxa.
Microbial communities are promising systems for investigating the relationship between the presence of keystone taxa and the rate of compositional change. Several characteristics of microbial communities make it possible to overcome the previously described challenges of testing theoretical hypotheses in empirical systems; microbial communities are sufficiently diverse as to meet the richness assumptions of theoretical models, short generation times satisfy requirements about observational time scale, and the resolution of next generation sequencing data sets has enabled the analysis of low-abundance taxa. However, one prominent challenge of testing hypotheses about biotic interactions is that interactions are difficult to observe and, therefore, must be inferred from population dynamics. To overcome this challenge, we previously created new statistical metrics designed for quantifying connectivity in microbial communities (Herren and McMahon, 2017) . Briefly, our statistical workflows calculate both connectedness values for each taxon, as well as 'cohesion' values for each microbial community. When many highly connected taxa are present, the cohesion values for a community are larger in magnitude, indicating greater connectivity. We previously conducted several validations to ensure that statistical artifacts could not cause a spurious relationship between cohesion and compositional change, as measured by Bray-Curtis dissimilarity. Additionally, taxon connectedness arising from environmental drivers was not sufficient to yield a relationship between cohesion and Bray-Curtis dissimilarity (Herren and McMahon, 2017) .
Recent studies in microbial communities support the hypothesis that biotic interactions are important for mediating compositional change. For example, Zelezniak and colleagues (2015) found that persistent subnetworks within microbial communities often included a high degree of facilitation among taxa. This result suggested that facilitation reinforces existing community composition, leading to lower rates of compositional change. Furthermore, several recent studies have proposed the presence of keystone taxa after finding small numbers of taxa that were hubs of many pairwise correlations (Vick-Majors et al., 2014; Agler et al., 2016) . Finally, viruses and protists constitute a major source of mortality in marine bacterial communities (Fuhrman and Noble, 1995; Suttle, 2007) , indicating the importance of predation in shaping community composition. Extreme vulnerability or invulnerability to predation can also make a taxon a keystone (Mills et al., 1993) . Thus, multiple lines of evidence suggest that the strength of biotic connectivity within microbial communities should be related to the rate of compositional change.
In this study, we use three long-term (101 years) microbial data sets to test the hypothesis that stronger influence of keystone microbes is related to greater compositional stability through time. To further minimize the possibility that environmental forces drive these patterns, we chose data sets where prior studies concluded that environmental factors alone could not describe compositional change (Cram et al., 2015a; Dam et al., 2016; Herren and McMahon, 2017) . We evaluated whether the abundance and connectedness of the keystone taxa were sufficient to model compositional turnover dynamics of the entire microbial community. For these analyses, we used the most highly connected taxa to predict whole-community compositional change. We then applied this workflow to data from the Human Microbiome Project to evaluate whether our approach could be generalized to a broader range of microbial communities. Additionally, we reasoned that strong environmental forcing should mitigate the effect of biotic interactions (and, therefore, keystone taxa) on the rate of compositional change (Dai et al., 2017) . In other words, endogenous processes (e.g., biotic interactions) should have greater explanatory power when exogenous processes (e.g., environmental forcing) are weaker. To test this hypothesis, we analyzed two case studies where comparable communities experienced different levels of exogenous disturbance. We hypothesized that keystone taxa would be better predictors of compositional change when exogenous disturbance was low. Together, these analyses aimed to identify the role of keystone taxa in modulating compositional change and the circumstances under which keystone taxa are most influential.
Results

Long-term data sets
We obtained three publicly available long-term (101 years) microbial time series to test our hypothesis about the influence of keystone taxa on community dynamics. The data sets are the San Pedro Ocean Time Series (SPOT), the Lake Mendota bacterial time series (ME-bact), and the Lake Mendota phytoplankton time series (ME-phyto). For each of the three long-term data sets (SPOT, ME-phyto and ME-bact), we used linear regression to analyze how well the connectivity (cohesion metrics) due to keystone taxa could explain compositional change (Bray-Curtis Dissimilarity). Briefly, the cohesion metrics give estimates of the instantaneous connectivity of a microbial community. There is one metric for the strength of positive relationships between taxa, and one metric for the strength of negative relationships. Cohesion values can be calculated from all taxa in a community or from a subset of taxa. Representative results from all data sets analyzed are presented in Table 1 .
Cohesion was a significant predictor of Bray-Curtis dissimilarity in all three long-term data sets. Stronger cohesion, whether positive or negative, was consistently related to lower rates of compositional change (Table 1) . Stronger negative cohesion was significantly related to lower Bray-Curtis dissimilarity in all three data sets (Fig. 1B, D , and F). In the ME-bact data set, stronger positive cohesion was also significantly related to lower compositional turnover (Table 1) .
We hypothesized that the most highly connected taxa would act as keystones in these microbial communities. We compared the explanatory power of models using the most highly connected taxa (black line, Fig. 1A , C, and E) to the explanatory power of models using randomly chosen taxa (grey lines, Fig. 1A , C, and E). In the models containing random subsets of taxa, model R 2 values declined as fewer taxa were included in cohesion calculations (solid grey line indicates the median). Conversely, in models using the most highly connected taxa, the adjusted R 2 values remained stable as the least-connected taxa were removed (black line). In each of the three long-term data sets, explanatory power (adjusted R 2 values) increased and reached a maximum a small subset (< 5% total richness) of highly connected taxa was used (Table 1) . Maximum adjusted model R 2 values were 0.485 for MEphyto, 0.428 for ME-bact and 0.478 for SPOT chlorophyll maximum. Maximum R 2 values occurred when using 15 taxa in ME-phyto, 33 taxa in ME-bact and 15 taxa in SPOT (Fig. 1A, C , and E). Taxa in ME-bact data set were determined using amplicon sequence variants (ASVs), but results were robust to instead defining taxa by 97% similarity OTUs. In this case, a maximum R 2 value of 0.452 occurred at 27 included OTUs (see Supporting Information  Fig. S1 ).
In all three data sets, models using the most highly connected taxa to calculate cohesion significantly outperformed the models using random subsets of taxa. Significance was determined as instances when the model R 2 value using highly connected taxa was above the 95th percentile of R 2 values from models using random taxa. For the SPOT data set, the model using highly connected taxa performed significantly better than the model using randomly selected taxa when fewer than 25 taxa were included. For the ME-phyto data set, it was when fewer than 35 taxa were included. For the ME-bact data set, it was fewer than 105 taxa. We extended the analysis described above to the 18 body sites sampled as a part of the Human Microbiome Project (HMP) to evaluate whether this analysis would show similar results across diverse microbial communities (Supporting Information Fig. S2 ). At 12 of the 18 sites, cohesion was a highly significant predictor (p < 0.001) of the compositional change (Bray-Curtis dissimilarity) within a host's microbiome. Of those 12 sites, 7 showed that highly connected taxa were significantly better predictors of compositional change than random subsets of taxa.
Identities of highly connected taxa
We were curious about the identities of the most highly connected taxa in the three long-term data sets. We focused on taxa that had the strongest negative associations with other taxa, because negative cohesion was highly significant in all long-term data sets (Fig. 1, Table 1 ). In the ME-phyto data set, eight of the ten taxa with the largest negative connectedness values were cyanobacteria. For the ME-bact data set, we compared the lists of the fifty most abundant taxa and the fifty taxa with largest negative connectedness values (see Supporting Information Table  S2 ). Twenty-two taxa were on both these lists. Twentyeight taxa were among the fifty most connected but not the fifty most abundant. These included three of the four recognized clades in the acIV Actinobacteria lineage, a a. Indicates the number of taxa where the maximum adjusted R 2 value occurred. b. These columns indicate the direction of a significant relationship between cohesion and Bray-Curtis dissimilarity. For example, 'stronger is stabilizing' means that greater cohesion is related to lower Bray-Curtis dissimilarity. Non-significant relationships are denoted 'n.s.' c. Because the time elapsed between samples is strongly related to Bray-Curtis dissimilarity, we only included paired sampled with similar time separation (see Supporting InformationTable S1 for further information). This reduced the number of data points available for our analyses.
Keystone microbes predict community turnover 3 V C 2018 The Authors. Environmental Microbiology published by Society for Applied Microbiology and John Wiley & Sons Ltd., Environmental Microbiology, 00, 00-00 Fig. 1 . Stronger cohesion is related to lower compositional turnover in all three long-term microbial data sets, and the relationship is strongest when a small proportion of highly connected taxa are included in the analysis. Left-hand panels (A, C, E) show the how the adjusted model R 2 values of the regression analysis (Bray-Curtis dissimilarity vs. cohesion) changed as taxa were excluded from cohesion calculations. For each number of taxa on the x axis, cohesion values were calculated from the most highly connected taxa (black line) and from a random subset of taxa (grey lines). The solid grey line shows the median adjusted model R 2 for randomly selected subsets, while the dashed grey lines give the 5% and 95% intervals. Median R 2 values from models using random subsets of taxa declined as fewer taxa were included in the cohesion metrics. When 1%-5% of taxa within a community were used to calculate cohesion, models using highly connected taxa generally had higher model R 2 values than models using random taxa. The grey stars in left-hand panels identify the regression model with the highest adjusted R 2 , which is displayed in the paired right-hand panel. Right-hand panels (B, D, F) show the best-fitting linear regressions modelling compositional turnover (Bray-Curtis dissimilarity) as a function of cohesion from negative connections between taxa. Points indicate BrayCurtis dissimilarity from paired samples. Cohesion values are calculated from the first of the two paired samples. Solid lines show the fit of linear models. All three data sets showed that cohesion arising from negative correlations between taxa was a strong predictor of Bray-Curtis dissimilarity (Table 1) Environmental Microbiology, 00, 00-00 member of the Chloroflexi phylum, and two members of the Planctomycetes phylum, all of which are relatively understudied by freshwater microbial ecologists. Among the Proteobacteria in this list were PnecD, a relatively rare member of the genus Polynucleobacter, and several members of the order Rhizobiales. These results motivate us to study the ecology of these relatively uncommon organisms more intently, particularly with genome-based methods.
Case study of Peter Lake and Paul Lake
The first case study of reference and disturbed systems is Peter Lake and Paul Lake, which were originally one water body, but were separated for the purpose of conducting ecological experiments. Peter Lake is the experimental system, and was manipulated with multiple wholeecosystem disturbances during the course of this time series. We had hypothesized that community connectivity due to keystone taxa would be a better predictor of compositional change in the reference system, Paul Lake. We conducted separate analyses for the two lakes. As expected, cohesion metrics were better predictors for Paul Lake than for the disturbed system, Peter Lake. We evaluated this prediction by comparing model R 2 values for the two lakes (Fig. 2) . Models predicting Bray-Curtis dissimilarity in Paul Lake generally had higher explanatory power (R 2 values) than models for Peter Lake. The exception was when very few (< 10) taxa were included in the cohesion calculations, which yielded low explanatory power for both lakes. The best model fit in Paul Lake occurred when 13 taxa were included (adjusted R 2 5 0.487), whereas for Peter Lake it was 57 taxa (adjusted R 2 5 0.374). In Paul Lake, stronger negative cohesion and weaker positive cohesion was both significantly related to lower BrayCurtis dissimilarity. In Peter Lake, stronger negative cohesion and stronger positive cohesion were both significantly related to lower Bray-Curtis dissimilarity (Table 1) . The difference in model fits cannot be explained by dispersal limitation of the highly connected taxa, because phytoplankton from Paul Lake flow directly into Peter Lake.
Case study of exposed and protected plaque communities
The second case study is a comparison of the two plaque communities from the HMP. Bacterial plaque samples were collected from protected, undisturbed sites (underneath the gums) and exposed, disturbed sites (on the tooth surface). We expected that keystone taxa would be better predictors of compositional turnover at the protected plaque site. In this analysis, we calculated Bray-Curtis dissimilarities between samples collected from the same host (individual) at the same site, collected at two different time points.
In the exposed plaque communities, we found that there was no significant relationship between cohesion and Bray-Curtis dissimilarity, no matter the number of taxa included in the model (Fig. 3) . However, in the protected plaque communities, stronger positive cohesion was related to lower Bray-Curtis dissimilarity (p < 0.0001) and weaker negative cohesion was related to greater BrayCurtis dissimilarity (p < 0.05) ( Table 1) . The model fit was best (adjusted R 2 5 0.207) when 13 OTUs (defined by 97% sequence similarity) were included (Fig. 3) . The vast majority (99%) of OTUs included in the exposed site models were also included in the protected site models.
Discussion
The consistent results from the three long-term microbial time series showed that stronger connectivity of the microbial community was significantly related to lower BrayCurtis dissimilarity over time (Fig. 1B, D , and F). In all three cases, small subsets (1%-5% of total richness) of highly connected taxa were optimal predictors of wholecommunity compositional change (Fig. 1A, C , and E). Therefore, the most highly connected taxa had the strongest relationship with community composition, and their presence corresponded to increased compositional stability. In all three long-term data sets, highly connected taxa performed significantly better than models built using random assemblages of taxa. Conversely, taxa with low connectedness contributed little to explanatory power, as model fits showed minimal change when they were removed. Taxon rank abundance and rank connectedness were positively correlated in all three data sets, but not Fig. 2 . Cohesion explained a greater amount of variability in phytoplankton community turnover in the undisturbed Paul Lake, as compared to an experimentally disturbed system, Peter Lake. The model R 2 values predicting Bray-Curtis dissimilarity in Paul Lake were generally higher than for models predicting Bray-Curtis dissimilarity in Peter Lake. The exception was when models used very few (< 10) taxa to calculate cohesion metrics. As in Fig. 1 , taxa were sequentially removed from the analysis in reverse order of their connectedness (i.e., least connected taxon removed first).
Keystone microbes predict community turnover 5 V C 2018 The Authors. Environmental Microbiology published by Society for Applied Microbiology and John Wiley & Sons Ltd., Environmental Microbiology, 00, 00-00 strongly (ME-bact: R 2 5 0.20, ME-phyto: R 2 5 0.25, SPOT: R 2 5 0.18). Thus, many of the highly connected taxa included at optimal model fits had comparatively low abundance (see Supporting Information Fig. S3 ). While keystone taxa are generally low in abundance, an exact abundance cutoff criterion is difficult to define in microbial communities where the vast majority of taxa are uncommon (Lynch and Neufeld, 2015) . Furthermore, microbes that are abundant in a single sample may be temporally rare (Shade et al., 2014) . Thus, our consistent result that microbial community dynamics can be modelled using subsets of highly connected taxa supports the hypothesis that many of these microbes act as keystones, because they show outsized predictive power of community composition change. The predictive power of our models in the long-term data sets was striking, given that no environmental factors were included in these analyses. For the three long-term data sets, the model R 2 values ranged between 0.4 and 0.5. For comparison, previous analyses modelling the community similarity between time points in the SPOT data set obtained maximum R 2 values of approximately 0.2, even when using over 30 environmental parameters (Cram et al., 2015a) . Similarly, a model explaining compositional turnover in the ME-phyto data set using all environmental variables from a long-term sampling program had an adjusted R 2 value of 0.23 (Herren and McMahon, 2017) . Although it is impossible to definitively exclude environmental variables as contributors to the observed patterns, environmental drivers did not adequately model compositional change in the real data or in simulated data (Herren and McMahon, 2017) .
Our result that stronger negative cohesion was related to lower compositional turnover in the long-term time series was consistent across a variety of ecosystems, sampling methods and sample dates. The three data sets were obtained using different techniques for determining abundance, including direct cell counts (ME-phyto), 16S rRNA gene amplicon sequencing (ME-bact) and ARISA (SPOT). These methods all differ in their sensitivity and bias. Thus, the consistency of our results suggests that including information about keystone taxa in models of microbial communities could improve predictive power in many systems.
Disturbance decreases the importance of connectivity
The case studies of disturbed systems showed that keystone taxa had less explanatory power when communities experienced external disturbance. The Peter Lake vs. Paul Lake comparison demonstrated that cohesion metrics were better predictors of Bray-Curtis dissimilarity in the undisturbed system, Paul Lake (Fig. 2) . In Peter Lake, experimental perturbations caused shifts in the phytoplankton community, meaning some of the compositional change in Peter Lake was due to experimental disturbances . Our results agree with these previous conclusions, suggesting that exogenous disturbance had a relatively greater effect on compositional change in the perturbed lake, Peter Lake. Similarly, analyses of the protected and exposed plaque sites showed that community cohesion was only an important explanatory factor in compositional turnover at the protected plaque site (Fig. 3) . In these case studies, the majority of the taxa analyzed were present at both sites. Thus, the same taxa had differential power in predicting compositional change, based on the level of environmental disturbance to the community. These results suggest that high levels of disturbance and dispersal can disrupt the stabilizing effects of keystone taxa.
There are two main ways in which disturbance can diminish the effect of biotic interactions on community composition. First, disturbances causing high immigration or emigration of taxa disrupt established species interactions. Biotic interactions drive population dynamics by influencing taxon growth and death rates (Gotelli, 2001) ; thus, the effects of biotic interactions will be most apparent when taxa interact consistently over many generations. Second, disturbances cause compositional change that is not linked to biotic interactions. For example, compositional change at the exposed plaque site may have resulted from tooth brushing or from consuming food. Thus, the proportion of total compositional change due to biotic interactions would be diminished in this case. The lower predictive power of cohesion when applied to highly disturbed communities suggests that the importance of biotic interactions Fig. 3 . The adjusted model R 2 values for plaque communities sampled as part of the Human Microbiome Project show that cohesion was a significant predictor of Bray-Curtis dissimilarity in the protected plaque site (solid line), but not at the exposed plaque site (dashed line). Icons above the solid line indicate when positive cohesion was significant at p < 0.001 (1) and when negative cohesion was significant at p < 0.001 (-). At the exposed plaque site, cohesion was never a significant (p < 0.05) predictor of BrayCurtis dissimilarity. Optimal model fit for the protected site occurred when 13 OTUs were included. in community assembly and turnover is context dependent.
Keystone taxa as an entry point to microbial interactions
In all three long-term data sets, the maximum model fit occurred when a small number (15-33) of taxa were included. Similarly, in the two reference systems in the case study analyses, the optimal number of taxa to include was 13 for both data sets (Table 1) . Finally, there was evidence of keystone taxa in the majority (7 of 12) body sites in the HMP where cohesion was a significant explanatory variable (Supporting Information Fig. S2 ). Focusing on these highly connected taxa may be a useful strategy for researchers seeking to understand microbial community assembly. For example, future studies might use genomebased methods to investigate what traits or functions these keystone taxa share. Incorporating small numbers of keystone taxa into models of microbial community dynamics is a tractable way of including biotic interactions, and is more parsimonious than incorporating dozens of pairwise interactions. Additionally, although the disturbed and reference communities in the two case studies contained many of the same taxa, the same taxon received different scores of connectedness in the various data sets. This result suggests that the ecological context of the microbial communities is important for determining which taxa will act as keystone taxa in various environments. We propose that our approach of evaluating model fit using different subsets of taxa could be generalized to other analyses with different response variables. Model fit should be best when the most informative taxa are selected, effectively enabling dimensionality reduction in large microbial data sets. In this case, additional criteria could be used to select taxa for inclusion in the models. However, trends in keystone taxon abundances over time (increases or decreases) could be problematic when using this method for forecasting, especially if the predictive models relied on a small number of taxa.
Ecological interpretation of connectivity and compositional turnover
In the majority of instances where cohesion metrics were significant predictors of Bray-Curtis dissimilarity, stronger connectivity was related to greater compositional stability. However, there were cases that deviated from this norm, where stronger connectivity was related to more rapid change. We hypothesize that these anomalies are mediated by the ecology of the different study sites. For example, the result from Paul Lake that stronger positive cohesion was destabilizing was driven by samples from the summer of 1993, when a large and persistent cyanobacterial bloom disrupted normal seasonal dynamics.
Similarly, following the result that cohesion had lower explanatory power in disturbed systems, it would be interesting to investigate how the strength of deterministic versus stochastic forces alters the relationship between community connectivity and community stability. This might be done in spatially explicit data sets (including the HMP data set) where immigration and selective pressure differ between sites (Li and Ma, 2016) . Indeed, our analyses of the HMP data indicate that keystone taxa in humanassociated bacterial communities are common, but not ubiquitous (Supporting Information Fig. S2 ). Quantifying dispersal and selection rates within different microbial communities would further examine how deterministic vs. stochastic processes interact with community connectivity to shape community assembly, and might help identify communities where keystone taxa are expected.
Under the assumption that cohesion measures biotic interactions (Herren and McMahon, 2017) , our results support the hypothesis that biotic interactions are stabilizing to microbial community composition. Several recent studies have concluded that biotic interactions can be strong drivers of microbial population dynamics, on par with or exceeding the influence of environmental factors (Cram et al., 2015b; Cabello et al., 2016; Trivedi et al., 2017) . For example, many marine bacterial taxa are more strongly related to other bacterial taxa than to habitat variables (Cram et al., 2015b) . However, few studies have tested the relationship between connectivity and compositional change, primarily because the methods to quantify connectivity have only been recently developed. Initial theoretical studies indicated that stronger biotic linkages would be destabilizing to ecological communities (May, 1972; Pimm, 1979) . But, these initial studies made several simplifying assumptions about the organization of ecological food webs. The ensuing literature has discovered several possible mechanisms that allow diverse and complex communities to persist in nature (e.g., McCann et al., 1998; Brose et al., 2006; Kondoh, 2006) . Future work might consider how the attributes of microbial communities, including spatial structuring (Long and Azam, 2001) , dispersal rates (Finlay, 2002) and the possibility of dormancy (Lennon and Jones, 2011) influence the relationship between connectivity and compositional stability.
Biotic interactions create feedback loops within ecological communities that can amplify or dampen the effects of external perturbations (Berryman and Millstein, 1989) . One mechanistic hypothesis for the result that stronger connectivity is related to lower compositional change is that the taxon interactions in microbial communities are arranged to form negative feedback loops, thereby mitigating the effects of disturbance (Coyte et al., 2015; Konopka et al., 2015) . Thus, stronger interactions would lead to stronger negative feedback loops that buffer communities from compositional change. Our findings also agree with recent work showing that persistent modules of taxa are Keystone microbes predict community turnover 7 V C 2018 The Authors. Environmental Microbiology published by Society for Applied Microbiology and John Wiley & Sons Ltd., Environmental Microbiology, 00, 00-00 enriched in taxon interactions (Zelezniak et al., 2015) . Thus, another interpretation is that biotic interactions create self-reinforcing modules within bacterial communities, which leads to lower turnover. One possible mechanism generating these self-reinforcing subunits is metabolite exchange between taxa (Levy and Borenstein, 2013; Morris et al., 2013) .
Recipe for a keystone taxon: Negative versus positive interactions
Ecological theory offers some insight into why highly connected taxa with strong negative correlations were more strongly associated with higher compositional stability than taxa with strong positive correlations. Under some circumstances, pairwise correlations may be indicative of pairwise taxon interactions; we make this simplifying assumption to investigate our results in the context of classical ecological theory. Mathematical models using local stability analysis with simple communities have indicated that stable equilibria are common when negative interactions (e.g., competition, predation) are present. For instance, scenarios with stable eqiulibria include: two or more competitors (May and Leonard, 1975) , one predator and one prey (Rosenzweig and MacArthur, 1963) , one predator with multiple prey (Holt, 1977) and multiple predators with one or more prey (McPeek, 2012) . Conversely, stability is rare in food webs with exclusively positive pairwise interactions (May, 1981) . However, recent theoretical literature has indicated that mutualism within the context of other, negative interactions can be stabilizing (Mougi and Kondoh, 2012) . Thus, ecological theory indicates that the placement and strength of negative interactions within communities is critical to maintaining stable composition. The traits of the most highly connected Mendota phytoplankton taxa further support this line of reasoning. Most of the taxa associated with low compositional turnover were cyanobacteria, which often have a competitive relationship with other phytoplankton (Fong et al., 1993) . Several studies have documented the self-reinforcing effect of competition for light in aquatic environments, showing that high cyanobacterial abundance can be a stable state in eutrophic lakes (Scheffer et al., 1997; Schr€ oder et al., 2005) . Thus, our results align with existing theoretical explanations of phytoplankton community transitions, and suggest that similar dynamics may be present in other systems. Although the knowledge of traits and interactions is scarce for taxa in the other two long-term data sets (SPOT and Mendota-bact), the highly connected taxa may be useful starting places for trait-based studies.
We encourage future studies to examine traits of highly connected taxa using modelling or experimental approaches. Strong correlations between taxa are often construed as interactions between taxa. Although this assumption can be useful for invoking ecological theory, there are several conditions where this assumption would be false. For example, two competing taxa might show a negative correlation in their abundances through time due to competitive exclusion; conversely, two competing taxa may have similar niches, and, therefore, might show a positive correlation due to simultaneous responses to environmental drivers. Finally, other trophic levels likely influence the correlations and connectedness metrics observed in these microbial communities, although these factors are not explicitly included in these analyses. Thus, mechanistic models would greatly benefit further studies of the role of highly connected taxa in community dynamics.
This study provides the strongest evidence to date that keystone taxa exist in microbial communities, as hypothesized by previous studies (Vick-Majors et al., 2014; Agler et al., 2016) . Current models of microbial population dynamics often follow one of two strategies: using a metabolic 'bottom-up' approach to model cellular growth rates or using a phenomenological 'top-down' approach that incorporates emergent properties present in the communities. We propose that studying keystone taxa may bridge these two approaches by identifying the taxa most responsible for the emergent properties to find the metabolic mechanisms that give rise to their influence in microbial communities.
Experimental procedures
Description of data sets
The three long-term data sets we analyzed were the San Pedro Ocean Time Series bacterial data set (SPOT) from the coastal ocean near southern California (described in Cram et al., 2015a) , the Lake Mendota (Wisconsin, USA) phytoplankton data set (ME-phyto, described at https://lter. limnology.wisc.edu), and the Lake Mendota bacterial data set (ME-bact, described at https://lter.limnology.wisc.edu). Additional information and references for data sets can be found in the Supporting Information Materials (SOM). We chose these data sets because of their long duration (SPOT: 10 years, ME-phyto: 19 years, ME-bact: 11 years), their large number of samples (SPOT: 274 samples with 437 taxa, ME-phyto: 293 samples with 409 taxa, ME-bact: 91 samples with 7081 taxa), and the variety of technologies used to obtain the data sets (SPOT: automated ribosomal intergenic spacer analysis [ARISA], ME-phyto: cell counts under microscope, ME-bact: 16S rRNA gene amplicon sequencing). For the SPOT data set, we analyzed the bacterial communities from the chlorophyll maximum site, reasoning that the cholorophyll maximum site represented a discrete ecological community. In the MEbact data set, taxa were defined as amplicon sequence variants using the deblur workflow (Amir et al., 2017) .
We then identified two case studies where comparable microbial communities experienced differing levels of external disturbance. The first case study is the comparison of the phytoplankton communities in Peter Lake and Paul Lake in northern Wisconsin, USA (described in Cottingham et al., Environmental Microbiology, 00, 00-00 1998). Paul Lake served as the undisturbed reference system, while Peter Lake was experimentally disturbed using nutrient supplementation and fish additions over the course of the time series (see SOM). Each lake was sampled 197 times over 12 years. Phytoplankton taxa were enumerated using direct cell counts under a microscope. The second disturbance case study is a comparison between two types of plaque communities sampled as a part of the Human Microbiome Project. Briefly, samples were collected from 242 human volunteers at up to 18 body sites at two sample collection dates with a maximum interval of 14 days. We compared the bacterial communities from the highly disturbed, exposed plaque site (supragingival plaque) to the protected plaque site beneath the gums (subgingival plaque). For both sites, we evaluated the relationship between community cohesion and compositional turnover (Bray-Curtis dissimilarity) in an individual's microbiome between the two sampling times.
Statistical methods
We used cohesion metrics (Herren and McMahon, 2017) as a measure of microbial community connectivity (see SOM and Supporting Information Table S1 for workflow parameters). We calculated cohesion metrics separately for each data set. Briefly, this workflow produces two values for each sample that quantify the connectivity arising from positive correlations between taxa and the connectivity arising from negative correlations between taxa. Correlations between taxa are obtained from observed abundance patterns either over the course of a time series (SPOT, ME-phyto, ME-bact, Peter and Paul) or from many spatial locations (between individuals in the HMP data). Each taxon has two associated connectedness scores, which quantify the strength of that taxon's positive and negative correlations with other taxa. Cohesion metrics are calculated for each sample by taking the sum of each taxon's connectedness score multiplied by its abundance in the sample. If calculated from a subset of taxa, the cohesion metric measures the amount of connectivity present in the community due to the subset of taxa.
In each data set (both long-term time series and disturbance case studies), we conducted linear regressions modelling the compositional turnover (Bray-Curtis dissimilarity) between two time points as a function of the cohesion values for the first time point. Stated another way, we asked whether cohesion predicts the impending compositional change, measured by Bray-Curtis dissimilarity. Additional methods and the parameter values used in the workflow for each data set can be found in Supporting Information Table  S1 . Because cohesion and Bray-Curtis dissimilarity were calculated using the same samples, we used additional statistical tests to ensure that there were no spurious correlations between these two metrics. We found that mutual dependence of the two metrics on the same data was not sufficient to produce a significant relationship between these metrics (Supporting Information Fig. S4 ), and that similar results were obtained when using non-overlapping data sets for calculating the two metrics (Supporting Information Fig. S5) .
To test the hypothesis that highly connected taxa are disproportionately influential in determining community dynamics, we iteratively repeated the regression analysis (modelling Bray-Curtis dissimilarity as a function of cohesion), each time calculating cohesion from different subsets of taxa. In the different subsets, we retained only the most highly connected taxa. For example, when 40 taxa were included in the analysis, the negative cohesion metric was calculated from the 40 taxa with the strongest negative connectedness, and the positive cohesion metric was calculated from the 40 taxa with the strongest positive connectedness. We recorded the adjusted R 2 value from the linear model (Bray-Curtis dissimilarity vs. cohesion) for each subset of taxa.
Next, we looked for evidence that the highly connected taxa had better predictive power than other taxa in the community. We repeated the regression analyses (Bray-Curtis dissimilarity vs. cohesion) using random subsets of taxa to calculate cohesion, rather than using the most highly connected taxa. Thus, when 40 taxa were included, we randomly selected 40 taxa from which to calculate the positive and negative cohesion values. We recorded the model R 2 value of the linear regression when taxa were randomly included in the workflow. Then, we repeated this process 500 times, as to generate a distribution of model R 2 values when 40 random taxa were selected. We ran 500 models for each possible number of taxa included in the workflow. We had hypothesized that the highly connected taxa would be more informative about overall community changes than randomly chosen taxa; thus, we expected that the model using the highly connected taxa would have a larger R 2 value. 
Supporting information
Additional Supporting Information may be found in the online version of this article at the publisher's web-site: Fig. S1 . The same analysis of the ME-bact data set, with taxa defined as 97% OTUs instead of deblurred exact sequences, shows concordance with results presented in the main text. A small subset of highly connected taxa is the best predictor of Bray-Curtis dissimilarity. The highest adjusted R 2 value (0.45) occurred when 27 OTUs were included to calculate cohesion. Fig. S2 . Of the 18 Human Microbiome Project data sets, 12 show strong significance (p < 0.001) of cohesion as a predictor variable, and 7 of those 12 have evidence of keystone taxa. In those 7 data sets (hard palate, left antecubital fossa, left retroauricular crease, right antecubital fossa, stool, subgingival plaque, throat), subsets of highly connected taxa significantly outperform random sets of taxa at explaining compositional change. Black lines show the adjusted R 2 of models using cohesion as predictors of Bray-Curtis dissimilarity, where taxa are included by order of connectedness. Solid red lines show median adjusted R 2 values of 500 models using random subsets of taxa. Dashed red lines show 5% and 95% confidence intervals. Fig. S3 . The rankings of taxon connectedness and taxon mean abundance are positively correlated, but not strongly. Red lines indicate the cutoff of taxa included at the optimal model fits in Fig. 1 of the main text. Taxa with an equal or lower rank connectedness value were used to calculate cohesion. In all three cases, several included taxa were not among the most abundant. Fig. S4 . For this analysis, we divided the ME-phyto data set into halves, where one half was used to calculate the predictor variables (cohesion) and the other half was used to calculate the response variable (Bray-Curtis dissimilarity). The time series was split by alternately allocating 5 samples to the predictor set and 5 samples to the response set. The highest explanatory power (R 2 5 0.46) occurred when 13 taxa were included in the cohesion variables. Fig. S5 . Randomizing taxon abundances before conducting the analysis on the ME-phyto data set shows no predictive power between cohesion and Bray-Curtis dissimilarity. Abundances of taxa present in each sample were randomized, thereby maintaining taxon presence/absence distributions. Cohesion values and Bray-Curtis dissimilarities were calculated on the same data. Table S1 . Data processing and cohesion workflow parameters Table S2 . List of the highly connected but not highly abundant taxa in ME-bact Keystone microbes predict community turnover 11 V C 2018 The Authors. Environmental Microbiology published by Society for Applied Microbiology and John Wiley & Sons Ltd., Environmental Microbiology, 00, 00-00
